Estimates of life expectancy are useful in assessing whether different prevention strategies are appropriate in different populations. We developed sex-specific Cox proportional-hazard models that use Medicare claims data to predict life expectancy and risk of death at up to 10 years for older adults. We identified a cohort of Medicare beneficiaries 66-90 years of age from the 5% Medicare claims data in 2000 (n = 1,137,311) and tracked each subject's vital status until December 31, 2009. Subjects were split randomly into training and validation samples. Models were developed from the training sample and validated by comparison of predicted to actual survival in the validation sample. The C statistics for the models including predictors of age and Elixhauser comorbidities were 0.76-0.79 for men and women for prediction of death at the 1-, 5-, 7-, and 10-year follow-up periods. More than 80% of subjects with <25% risk of death at 5, 7, and 10 years survived longer than the chosen cutoff years. More than 80% of subjects with ≥75% risk of death at 5, 7, and 10 years died by those cutoff years. The models overestimated the risk of death at 1 year for the high-risk groups. Sex-specific models that use age and Elixhauser comorbidities can accurately predict patient life expectancy and risk of death at 5-10 years.
Life expectancy is an important factor in assessing the quality of specific preventive services for the elderly (1, 2) . For example, in randomized screening mammography trials, no significant mortality rate reduction was found for screened versus unscreened women until 7 years' follow-up for women 65-70 years of age (3) . There is also an approximately 4-year lag between screen-detected tumors and those detected clinically (4, 5) . Thus, screening mammography in women with limited life expectancy exposes them to unnecessary breast cancer diagnoses and treatment with no clear benefit. Similar reasoning can be applied to colorectal cancer screening (6, 7) and tight glycemic control for patients with diabetes (8, 9) .
Administrative claims data are a key resource for populationbased assessments of health-care utilization and outcomes (10, 11) . However, prior studies of the extent and appropriateness of health-care utilization have used mainly age-based guidelines (12) that fail to take into account the heterogeneity in health and life expectancy among the elderly (13) . Recent attempts to evaluate the overutilization of screening services have focused on specific conditions known to result in limited life expectancy, such as dementia and advanced cancer (14, 15) . Few studies (6, 16) have evaluated the use of preventive services in the context of patient life expectancy in the general older population.
The comorbidity measures described by Charlson et al. (17) and Elixhauser et al. (18) have been validated in various settings to predict hospitalization, length of hospitalization, and death. Both are well adapted for use in administrative claims data to adjust for risks and predict death (19) (20) (21) (22) , but they have not been used for life expectancy prediction. Our study adaptively integrated these comorbidity measures into a model to predict patient life expectancy for the older population from Medicare claims data.
MATERIALS AND METHODS

Data sources
The study used the 5% Medicare claims data (which contain all claims for a randomly selected 5% sample of Medicare beneficiaries) for 1999-2009. The files used include 1) Medicare enrollment files, which include yearly information on patient demographics, monthly eligibility and enrollment information, and vital status; 2) carrier files (claims for physician services); 3) outpatient statistical analysis files (claims for hospital outpatient visits); and 4) Medicare Provider Analysis and Review files (claims for hospital stays).
Study population
We identified 1,137,311 Medicare beneficiaries from the 5% Medicare claims data in 2000 who 1) were 66-90 years of age as of January 1, 2000; 2) had full coverage in Medicare Parts A (hospital care) and B (physician and outpatient services) in 1999; and 3) had no health maintenance organization coverage at any time in 1999. Health maintenance organization enrollees were excluded because their medical services are not fully captured by Medicare claims data. Information on demographics, Medicare entitlement, Parts A and B coverage, and health maintenance organization enrollment was obtained from the Medicare enrollment files.
Measures
Survival was tracked from January 1, 2000, through December 31, 2009, via the field for date of death in the Medicare enrollment files for 2000-2009. Information on month and year of death in the Medicare enrollment file is considered nearly 100% accurate (23) . In the event of an occasional nonvalidated day of death, the Center for Medicare and Medicaid Services assigns the day as the last day of the month (23) .
Potential predictors of death included age, sex, comorbidity measures, number of hospitalizations, and number of outpatient visits in the previous 12 months (i.e., during 1999). Age and sex were obtained from the Medicare entitlement file. The number of hospitalizations and number of outpatient visits were extracted from the claims for inpatient and physician services, respectively.
We used 2 comorbidity methods, those of Charlson et al. (17) and Elixhauser et al. (18) . The Charlson method generates a weighted index score that is based on 17 comorbid conditions. Several adaptations of the Charlson comorbidity method have been developed (19, 20, 22) . Comparative studies (24, 25) have shown that these adaptations were essentially equivalent in terms of predictive and explanatory power. The Elixhauser method includes 31 comorbid conditions listed individually. It contains all the conditions in the Charlson method except myocardial infarction, cerebrovascular diseases, dementia, and leukemia. These 4 conditions were excluded because they were not significantly associated with the prognostic outcomes when the Elixhauser method was developed. We used the International Classification of Diseases, Ninth Revision, coding algorithm of Quan et al. (21) to identify patient comorbid conditions from Medicare claims data according to the Charlson and Elixhauser methods. The claims for physician, outpatient, and inpatient services for the year 1999 were used for comorbidity extraction. For physician and outpatient claims, we considered valid comorbid conditions as those with corresponding diagnoses appearing on 2 or more claims at least 30 days apart (26). For diagnoses on inpatient claims, only 1 claim was required.
Model development and validation
We randomly split the data into training and validation samples. We used the training sample for model selection and applied the model estimation to the validation sample. First, we used a series of logistic regression models with various combinations of predictors to predict death by 1, 5, 7, and 10 years' follow-up. C statistics were used to compare the predictive ability of models with various combinations of predictors. We chose the set of predictors with the optimal C statistics for the final life expectancy model. The nonparametric approach by DeLong et al. (27) was used to compare C statistics. The Akaike information criterion (AIC) and percent correctly classified (PCC) were also used to compare the models. The AIC is a measure of relative goodness-of-fit of competing models that also considers parsimony (i.e., models with fewer predictors are scored lower). The PCC measures the model accuracy. Higher C statistics, lower AIC, and higher PCC indicate a better model.
We used sex-specific Cox proportional-hazard models because men and women differ in illness incidence, prognosis, and mortality rate (28, 29) , and there were also many significant interactions between sex and comorbidities on mortality rate in our data. The coefficient estimates and baseline survival function derived from the training sample were applied to subjects in the validation sample to calculate individual median survival time from January 1, 2000, as a proxy of life expectancy. Kaplan-Meier survival curves were used to plot the actual survival of subjects over the 10-year followup period for subjects with predicted life expectancies of <1, <5, <7, and <10 year(s). We calculated the probability of survival at 1-, 5-, 7-, and 10-year follow-up from the estimates from the Cox proportional-hazard models. We then categorized subjects into groups with <25%, 25%-49%, 50%-74%, and ≥75% risk of death at each follow-up period. The observed mortality rate was calculated for each risk group. For each cutoff (1, 5, 7, and 10 years), we also evaluated the validity of our predicted probabilities by using estimates of γ 0 , γ 1 , and the C statistic from a logistic regression model, logit( p) = γ 0 + γ 1 logit(p), where p is the observed survival rate and p is the predicted survival probability. Estimated values of γ 0 close to 0 and γ 1 close to 1 indicate good calibration, whereas a higher value of the C statistic indicates better discrimination (30) . We used SAS, version 9.2 (SAS Institute, Inc., Cary, North Carolina) for data extraction and statistical analyses. Table 1 presents the distribution of age and comorbidities for subjects in the training sample by sex. The average age was 75.9 (standard deviation, 6.5) years for women and 74.7 (standard deviation, 6.1) years for men. Uncomplicated hypertension was the most frequent comorbidity for both sexes (38.4% for women and 30.1% for men), followed by uncomplicated diabetes (11.8% for women and 12.5% for men), cardiac arrhythmia (10.3% for women and 12.8% for men), and chronic pulmonary disease (9.7% for women and 11.3% for men). Table 1 also presents overall age-adjusted 10-year mortality rate and the mortality rate associated with each comorbidity. The estimates were adjusted for age but not for the other comorbidities. Comorbidities with the highest 10-year mortality rate included metastatic cancer, renal failure, alcohol abuse, drug abuse, and dementia-all with age-adjusted 10-year mortality rates of >85% in both men and women. Sample characteristics and death rates were almost identical for subjects in the training sample and the validation sample. None of the values in the validation sample differed from the training sample by more than 0.1% (data not shown). Table 2 shows the C statistics from a series of logistic regression models for 1-, 5-, 7-, and 10-year mortality rates, stratified by sex, for the training sample. Because the results of all the models pointed to the same conclusion, we describe in the text only the results of the model predicting 10-year risk of death among women. The C statistic was 0.74 in the model that included age only. Adding the Charlson comorbidity measure increased the C statistic to 0.79. Substituting the Elixhauser comorbidity measure for the Charlson measure further increased the C statistic to 0.80. The C statistic remained at 0.80 after the addition of the 4 conditions that were included in the Charlson measure but not in the Elixhauser measure (myocardial infarction, cerebrovascular disease, dementia, and leukemia), the number of outpatient visits and hospitalizations in the previous 12 months, and the interactions between age and comorbidities or among comorbidities. In all models for 1-, 5-, 7-, and 10-year risk of death in men and women, the models with age and Elixhauser comorbidities had slightly higher C statistics than did the models with Charlson comorbidity measures (P < 0.001 for all comparisons). The Elixhauser models also had lower AIC statistics and approximately 0.7% higher PCC measures. Addition of prior outpatient visits or hospitalizations or interactions produced minimal effect. Thus, we used the Cox proportional model with age and Elixhauser comorbidities for both men and women as our final model to predict patient life expectancy. The estimates of the final models are presented in Table 3 . Each 1-year increase in age was associated with a 9%-11% increased hazard of death after adjustment for comorbidities. Metastatic cancer was associated with the highest hazards of death (hazard ratio = 3.51, 95% confidence interval: 3.37, 3.66 for women; hazard ratio = 3.18, 95% confidence interval: 3.04, 3.33 for men). Congestive heart failure, chronic pulmonary disease, neurological disorders other than paralysis, diabetes with chronic complications, renal failure, acquired immunodeficiency syndrome, lymphoma, weight loss, alcohol abuse, and psychoses were associated with a 46%-97% increased hazard of death. In these multivariable models, a few comorbidities (e.g., uncomplicated and complicated hypertensions) were associated with a slightly but significantly lower hazard of death, presumably because their associated comorbidities or complications are also in the models.
RESULTS
From the sex-specific Cox proportional-hazard models in Table 3 , we obtained the coefficient estimates (see Web  Table 1 , available at http://aje.oxfordjournals.org/) and survival function estimates for patients aged 66 years with no comorbidity at baseline (see Web Table 2 ). The coefficient estimates and baseline survival function estimates were used to calculate median survival times and survival probabilities at 1, 5, 7, and 10 years' follow-up for men and women in the validation set. Median survival time is used as a proxy for life expectancy (6) . For example, our model predicted that an 82-year-old woman with a history of peripheral vascular disease, uncomplicated hypertension, uncomplicated diabetes, and obesity had a predicted life expectancy of 5.6 years. Her probabilities of living longer than 1, 5, 7, and 10 years were estimated to be 0.91, 0.56, 0.39, and 0.20, respectively. Table 4 shows the calibration and discrimination of the Cox proportional-hazards models. The models were well calibrated on the basis of estimates of γ 0 being close to 0 and γ 1 close to 1. The values of γ 0 and γ 1 for death at 1 year were not as b For each comorbidity, the difference between the sexes in age-adjusted 10-year mortality rate was tested through the use of a logistic regression model with age, sex, the specified comorbidity, and interaction between sex and comorbidity. All differences between the sexes in ageadjusted 10-year mortality rate are statistically significant (P < 0.001). The statistical tests are overpowered because of large sample size. We emphasize the absolute differences between the sexes. For all comorbidities, men had 1.3%-6.3% higher age-adjusted 10-year mortality rates than women.
c The rates were adjusted for age but not for other comorbidities. Table 4 also shows the predictive accuracy of the Cox proportional-hazard models by comparing the predicted risk of death to the observed mortality rate. The predicted risk of death was categorized as <25%, 25%-49%, 50%-74%, and ≥75% probability of death. The results were remarkably similar for both sexes and in both the training and validation samples. For 5-, 7-, and 10-year cutoffs, the observed mortality rates fell within the boundaries of the predicted probability of death in each instance. For example, of 338,596 women in the validation data, 66.3% (n = 224,432) had a <25% risk of death at 5 years. About 12.1% of patients with <25% risk of death at 5 years actually died within 5 years. About 6.8% (n = 22,883) and 2.8% (n = 9,319) had 50%-74% and ≥75% risk of death at 5 years, respectively. The observed mortality rates at 5 years for these 2 groups were 63.5% and 80.4%, respectively. For death at 10 years, 22.4%
(n = 75,766) of women had <25% risk of death and 16.4% (n = 55,547) had ≥75% risk of death. The observed mortality rates at 10 years in these 2 groups were 16.6% and 88.4%, respectively. The predictions of death at 1 year were lessaccurate. The models overestimated the risk of death at 1 year for the high-risk groups. Figure 1 describes actual survival over the 10-year followup for subjects with predicted life expectancies of <1, <5, <7, and <10 years in the validation sample. The KaplanMeier survival curves showed that these groups had distinct survival trajectories. For those with a predicted life expectancy of <10 years, 74.7% died within 10 years. For those with a predicted life expectancy of <7 years, 71.6% died within 7 years. For those with <5 years of predicted life expectancy, 69.2% died within 5 years. For those with <1 year of predicted life expectancy, 47.6% died within 1 year. The results were almost identical for subjects in the training sample (data not shown). (27) showed that the C statistics of the models with age + Elixhauser comorbidities were significantly higher than the models with age + Charlson comorbidities (all P values < 0.001). The models with Elixhauser measures also had lower Akaike information criterion and on average approximately 0.7% higher percent correctly classified than the models with Charlson measures.
e The 4 Charlson comorbidities not included in Elixhauser method were myocardial infarction, cerebrovascular disease, dementia, and leukemia. Abbreviations: CI, confidence interval; HR, hazard ratio. a The subjects were identified from the 5% Medicare claims data in 2000. Survival was tracked from January 1, 2000, through December 31, 2009 . We randomly split the data into training and validation samples. The training sample was used for model development.
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DISCUSSION
We developed and validated sex-specific predictive models that use age and comorbidities to predict individual life expectancy and risk of death at up to 10 years from Medicare claims data in older people. The C statistics ranged from 0.76 to 0.79, depending on sex and the cutoff year of death (death at 1, 5, 7, or 10 years). The predicted life expectancy and risk of death accurately calibrated and discriminated the observed mortality rate for both sexes in the training and validation data. More than 80% of subjects with <25% risk of death at 5, 7, and 10 years survived longer than the chosen cutoff years. More than 80% of subjects with ≥75% risk of death at 5, 7, and 10 years died within those cutoff years.
To our knowledge, only a few publications focus on life expectancy prediction. The Centers for Disease Control and Prevention publishes annual life tables (31) that contain life expectancy estimates stratified by age, sex, and race/ethnicity. These life tables were generated with the use of actuarial life table methods without consideration of health conditions. Some published prognostic indexes for community-dwelling patients focus on predicting death at a fixed time point through logistic regression modeling (e.g., a prognostic index to predict death at 4 years on the basis of logistic regression) (32) . Two prognostic indices were developed with Cox proportional-hazards modeling to estimate life expectancy or risk of death within certain years (33, 34) . Carey et al. (34) developed a model to predict the need of frail elderly persons for long-term care by predicting risk of death within 3 years (C statistic = 0.69). An index by Schonberg et al. (33) was initially developed from the National Health Interview Survey to predict death at 5 years (C statistic = 0.75) and was later externally validated to predict death at up to 9 years (35). In comparison, our sex-specific predictive models had comparable or slightly higher discrimination power (C statistics = 0.76-0.81). In addition, the indices by Carey et al. and Schonberg et al. were developed from survey data and a The subjects were identified from the 5% Medicare claims data in 2000. Survival was tracked from January 1, 2000, through December 31, 2009. We randomly split the data into training and validation samples. All values in the training and validation samples were very similar, with differences within 0.01 of each other.
b For each cutoff (1, 5, 7 , and 10 years), we evaluated the validity of our predicted probabilities by using estimates of γ 0 , γ 1 , and C statistic from a logistic regression model, logit(p) = γ 0 + γ 1 logit(p), where p is the observed survival andp is the predicted survival probability estimated from our sex-specific Cox proportional-hazard model. Estimated values of γ 0 close to 0 and γ 1 close to 1 indicate good calibration, whereas a higher value of C statistic indicates better discrimination. contain self-reported functional status. They are not applicable to studies that use administrative claims data.
Our study also showed an adaptive use of well-established comorbidity measures (17) (18) (19) (20) (21) (22) to estimate life expectancy from claims data. The inclusion of comorbidity measures significantly improved predictive ability relative to that of models that used age and sex alone. Consistent with findings that the Elixhauser method performed better than the Charlson method in predicting in-hospital death (36) , our models with Elixhauser comorbidities also had slightly better predictive power than the models with Charlson measures. This could be due to the larger scope of comorbidities captured by the Elixhauser method. We should note that the C statistics for the models that used the Elixhauser and Charlson measures were very close (Table 2) , even though the differences were statistically significant. The comparisons based on C statistics and AICs were overpowered because of the very large number of subjects in the 5% Medicare data. We emphasize the absolute differences in predictive accuracy when the PCC is used. Compared with the models that used Charlson measures, the models that used Elixhauser measures had approximately 0.7% higher PCC, which translated to 4,000 more subjects correctly classified in our sample. The predictive power was not further improved by the addition of 4 Charlson conditions (myocardial infarction, cerebrovascular disease, dementia, and leukemia) not included in the Elixhauser conditions. Two of the comorbidities ( peptic ulcers and obesity) were not significant predictors of death (Table 3) . However, we retained all 31 Elixhauser comorbidities in the final model to preserve the integrity of the comorbidity measurement. Reducing the number of variables will improve the reliability of the predictive models when the number of predictors exceeds one tenth the number of uncensored event times in the training sample (30) . This is not a problem for analyses of claims data because of the very large sample sizes.
One potential application of our predictive model is in assessing the quality of preventive services on the basis of Medicare claims data. Target populations that are appropriate or not appropriate for a service can be more accurately defined by patient life expectancy than by age limit alone (37) . For example, tight glycemic control in diabetes mellitus to prevent microvascular complications is not recommended for patients with less than 8 years of life expectancy (38) , and colonoscopy screening for colon cancer is not recommended for patients with less than 10 years of life expectancy (39, 40) . Use of age, sex, and comorbidity allows for a more accurate assessment of potential overuse and underuse of such preventive services than does age alone. Take the case of a 70-year-old man with congestive heart failure and complicated diabetes. Our model predicts a median survival time of 7.4 years and a 0.34 probability of surviving longer than 10 years. A screening colonoscopy for this man would be inappropriate according to life expectancy but would have been categorized as appropriate on the basis of age alone. In contrast, a screening colonoscopy might be appropriate for a 76-year-old woman with no comorbidities who has a 0.63 probability of surviving >10 years. Extending this concept to the population level, one might define the population not appropriate for screening colonoscopy as those with a median survival time (a proxy of life expectancy) of <10 years. On the basis of this criterion, about 74.7% with a predicted life expectancy of <10 years actually died within 10 years. Alternatively, one might use a cutoff of >75% probability of death at 10 years to define the population not appropriate for screening colonoscopy. According to this more rigorous definition, 89% identified died within 10 years. It is important to recognize that all prognostic indices, including ours, lack precision at the individual level (1, 2) . Nevertheless, the rationale and evidence underlying all preventive services are at the population level rather than the individual level. The same is true of quality measures.
Current quality assessments focus heavily on appropriate use, with few indicators of overuse (41) . Measurement of overuse is challenging because of the increasing heterogeneity of health status among community-dwelling older adults. Preventive services might be appropriate for old but very healthy people. Assessments of overuse would be less accurate if guidelines' upper age limits (e.g., screening mammography for women ≥75 years of age) were used. Our models enable quality-of-care assessments that are based on life expectancy. For example, we used 100% Medicare data from Texas to evaluate screening mammography utilization at the level of the usual-care providers. We found that providers varied greatly in mammography screening use for women with a limited life expectancy (average rate = 31.1%; range, 10.6%-75.7%) (42) , which supports the call for refined quality indicators that include both appropriate use and overuse to improve quality of care (37) .
The study has several limitations. The most important is that the models are proposed for use with claims data-specifically, Medicare. We see their utility in evaluating the appropriateness of health-care utilization among groups of patients, not in predicting life expectancy in the clinical setting. Claims data lack information on factors strongly linked to life expectancy, such as self-rated health, functional status, walking speed, and severity of illness (43, 44) . The clinician interacting with an individual patient has a richer array of information with which to estimate survival. For example, a study by Lee et al. (32) suggests that C statistics of up to 0.84 can be achieved by incorporating both comorbidities and functional status into a model. The lack of self-rated health and functional status measures in our models might also account for the lower predictive accuracy for death at 1 year. Studies have reported that functional status, along with age and sex, are the most powerful predictors of the risk of death at 1 year (43, 45, 46) . Of all the Charlson comorbidity conditions, only congestive heart failure and cancer had additional predictive power after adjustment for functional status in predicting death at 1 year (47). Another limitation is that the validity of these models over time has not been tested. For example, advances in the treatment of specific diseases, which can occur rapidly, are likely to lead to weaker relationships with mortality rate over time.
Some prior studies of predictors of survival have used a point score to simplify their application. With current highspeed computing power, such simplification is not necessary and could reduce accuracy. A computer model that applies the coefficient estimate and baseline survival function ( provided in Web Tables 1 and 2 , respectively) from our predictive model to a patient's age, sex, and comorbidity profile can easily calculate the median survival time (a proxy of life expectancy) and probability of survival beyond a certain year. A factor that might improve the predictive power of the model is inclusion of ethnicity, which is available in more recent Medicare denominator files (48) . We chose to omit ethnicity because of the clear association of membership in certain minority ethnicities with receiving less than adequate medical care. The shorter life expectancy in those minorities, partially a result of inadequate medical care, should not be used against them in providing medical services. We used similar reasoning in deciding not to use a proxy indicator of socioeconomic status (Medicaid eligibility or zip code median income) in the models.
In conclusion, we adaptively used Elixhauser comorbidity measures to predict patient life expectancy from Medicare claims data. The predictive model was well calibrated and showed good predictive discrimination for risk of death by 5-10 years. It might be of value for researchers using Medicare claims to evaluate the quality of preventive care and outcomes in the context of patient life expectancy.
